Biosketch: All authors' research interests focus on the intersect between ecology, evolutionary biology, 18 and biostatistics. WDP focuses, in particular, on the use of phylogenies to infer how ecological assembly 19 and function operates, and the role of phylogenies in conservation prioritisation.
multiple of 10 greater or lesser than across the entire tree (×10 −3 , 10 −2.75 , 10 −2.5 , ..., 10 3 ; σ 2 clade ). We then simulated underlying community assembly. A clade can evolve faster than the rest of the phylogeny (σ 2 clade > σ 2 tree ), in which 170 case we would expect close-relatives to rarely co-occur within a clade (an overdispersed clade; see figure 2). A clade 171 can also evolve slower than the rest of the phylogeny (σ 2 clade < σ 2 tree ), in which case we would expect close-relatives 172 to frequently co-occur (a clustered clade; see figure 2 ). Even in simulations where σ 2 clade = σ 2 tree , we still evolved a combination with identical σ 2 tree and σ 2 clade , resulting in a total of 2160 simulations. For each simulation, we ranked the observed variance of the focal clade within 99 randomisations (the observed value was included as part of the null method can reliably detect overdispersion (ranked the lowest or second-lowest variance in the randomisations when 181 σ 2 clade < σ 2 tree ), clustering (ranked the highest or second-highest variance in the randomisations when σ 2 clade < σ 2 tree ), 182 and whether it is vulnerable to false-positives (i.e., type I error rates greater than the expected confidence level at 183 0.05-ranking consistent with clustering or overdispersion when σ 2 clade = σ 2 tree ). Note that clades are hierarchically 184 nested within each other, and so species that are shared across clades mean clades' structure are not necessarily 185 independent. While we make reference to this in the discussion, we do not conduct simulations to investigate this 186 further, as it is a feature that has been discussed at length in the literature (e.g., Alfaro et al. 2009 we present results of a series of permutation tests we performed to ensure that our evolutionary model-fitting was 208 not biased towards finding support for particular evolutionary hypotheses.
Results from our simulations are presented in table 1 and figure 3, and show that our method powerfully and reliably 211 detects variation in phylogenetic structure among clades. Our method has strong statistical power to detect clustering 212 (higher variance within a clade; the red line in figure 3 ), and a somewhat reduced power to detect overdispersion 213 (lower variance within a clade; the blue line in 3). As shown in table 1, however, greater sampling modifies this: 214 sampling 100 species across 100 sites additively increases the ranking of the observed variance by 10% (e.g., from 215 p = 0.85 to p = 0.95) in comparison with 50 species across 50 sites. Our method shows a tendency to spuriously 216 suggest support for clustering (i.e., overall inflated type I error rates in simulations of 24% at two-tailed α 5% ; see 217 figure 3 ), but again this varies depending on the biological context. As shown in table 1, focal clades that make 218 up large proportions of the total data are more likely to be erroneously identified as clustered: if the focal clade 219 contains 10 of the 100 species in a system (n sites = 50, σ 2 =1) the predicted probability of clustering is 0.77, but 220 if the clade contains 20 species (i.e., 20% of the species) that prediction rises to 0.95. Neither of these predicted 221 values are statistically significant at α 5% . As we highlighted above, we conducted simulations across a wide region what is sometimes called the Caviomorpha (e.g., South American rodents like the guinea pig). We refer to these two 229 groups as the 'squirrels' and 'cavis', respectively, although these terms do not precisely map onto all species within the 230 clades. The squirrel and the cavi clades were both identified as having low variance (phylogenetic overdispersion).
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Note that our method also detected clades indicative of clustering (high variance). As the low-variance clades 232 are nested within these high-variance clades, we suggest they might reflect important eco-evolutionary shifts. The 233 detection of both phylogenetic clustering and overdispersion demonstrates the ability of our method to reveal both 234 kinds of pattern in empirical datasets.
No new data is released as part of this manuscript. All simulations and analysis R code is released in the supple-499 ment. variation in ecological structure (the tendency for close/distant relatives to co-occur) might arise. We consider a 503 set of species that are initially filtered within some biogeographic (or meta-community) context; perhaps the clade 504 is widespread but not all its members are present in every continent/region, for example. A trait, represented by σ 2 clade < σ 2 tree ) are shown, along with a quasi-Binomial GLM prediction. At an α 5% , a predicted probability of 0.025 534 or 0.975 would provide statistical support for the focal clade being clustered or overdispersed, respectively. None of 535 these curves account for the additional explanatory variables used in the models in table 1, and thus these curves 536 are conservative. Raw data used to parameterise the models shown in table 1. , and random (null, no difference; c) across the simulations. At an α 5% , a predicted probability of 0.025 or 0.975 would provide statistical support for the focal clade being clustered or overdispersed, respectively. Generalised Linear Models with a quasibinomial error structure were used to account for non-normality of errors in the clustering (a) and overdispersion (b) models, and so coefficients are reported on the logit scale. In (a), a greater statistical power to detect clustering is most strongly associated with the number of species in the focal clade and the difference in evolutionary rate between the focal clade and the rest of the phylogeny (deviance: null 527 = 98.46 and residual 522 = 62.52; estimated dispersion = 0.51). In (b), a greater statistical power to detect overdispersion is most strongly associated with the difference in evolutionary rate between the focal clade and the rest of the phylogeny and the number of sites sampled (deviance: null 524 = 277.74 and residual 519 = 152.97; estimated dispersion = 0.51). In (c), there is a slight tendency for larger focal clades to appear more clustered, and for faster-evolving traits to drive overdispersion, even when focal clades evolve under the same model as the rest of the phylogeny (F 4,919 = 13.75; r 2 = 5.64%; p < 0.0001).
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Figure legends
We recommend that more attention should be paid to effect estimates than statistical significance in these models, since statistical significance can be driven by sample size and these are the results of simulations. Table 2 : Results of log(body mass) evolutionary modelling. Above are the θ (optimum), σ (rate), and α (rate of return to optimum) estimates, along with AIC and δAIC values, for all trait evolutionary models. Each row represents a different model; '-' is used to indicate when a parameter is not fit in a model, and where only a single estimate for a parameter is given (e.g., θ 0 ) only a single parameter was fit across the whole phylogeny. Thus rows one and four represent Brownian motion (models with no optima), and all other rows are variants of Ornstein-Uhlenbeck models. In subscripts of parameters, 'c' refers to the 'capi' clade, 's' to the 'squirrel' clade, and '0' to the remainder of the phylogeny. See text and figure 4 for a description of these species making up each clade. The α and σ estimates have been multiplied by 10 −4 for brevity of presentation. The four most likely models according to δAIC all contain clade-level variation, strongly supporting different patterns of evolution in the clades highlighted by the clade-level partitioning of β-diversity(see text).
